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Introduction
Subjective well-being has been robustly shown to be influenced by a handful of factors (Graham, 2009; Helliwell et al., 2013) , which can explain up to 75% of the variance in global well-being scores. These factors are income, healthy life expectancy, social support, perception of corruption, prevalence of generosity and freedom of choice (Helliwell et al., 2013, p. 9) However, it is known that there is some heterogeneity with which these factors impact on individuals, depending on a person's personality, preferences and other factors (e.g. Boyce, 2010; Boyce et al., 2013) . Another important factor that moderates the impact of such life events seems to be the level of subjective well-being individuals already have attained.
Recent work on this front has shown that in a cross-section of the British populace, income, health and social life decrease in their association with life satisfaction if one moves upward along the quantiles of the well-being distribution (Binder and Coad, 2011) . While for happy individuals, there is still a statistically significant and positive association between life events and subjective well-being in the health and social domains, the coefficient for income is close to zero. In the case of education, an initially positive coefficient even turns negative when moving along the well-being quantiles.
The above-mentioned research, however, reported only associations from a cross-section of respondents and did not account for the panel nature of the data set used. It is the aim of this short research note to remedy this shortcoming and conduct a quantile regression analysis that accounts for individual fixed effects by using a two-step estimator suggested by Canay (2011) that basically transfers the standard Koenker-Basset quantile regression estimator (Koenker and Bassett, 1978) into a panel data context. In Canay's two-step estimator an individual fixed effect is first removed from the data and then the standard Koenker-Basset estimator is applied. The fixed effect is interpreted as a pure location shifter in Canay's framework. Apart from this main goal of the present research note, a number of robustness checks are provided and the effects of a rich social life, good health, high income and good education on various domain satisfactions are briefly explored. that records the response to the question "How dissatisfied or satisfied are you with. . . ?" on a scale from "not satisfied at all"(1) to "completely satisfied" (7). These deceptively simple measures haven been shown to validly and reliably capture subjective well-being (Krueger and Schkade, 2008; Helliwell and Wang, 2012) and can be usefully treated as cardinal in regression analysis (Ferrer-i-Carbonell and Frijters, 2004) . I also redo the analysis for the GHQ-12 measure of "mental well-being" that more broadly captures an individual's mental health (e.g., Goldberg et al., 1997) .
To replicate the analysis in Binder and Coad (2011) as closely as possible, I use four main independent variables, namely income, social life, health and educational attainment (for a similar analysis looking in much more detail at the quantile effects of unemployment and volunteering, see also Binder and Coad, 2014; Binder, 2014) . The income variable reflects net household income after taxes, properly deflated and equivalized (Levy and Jenkins, 2008) .
A log specification is chosen in accordance with findings about the log-linear relationship between income and subjective well-being (Layard et al., 2008) . Both health and social variables are derived somewhat less straightforwardly by combining a number of indicators into one synthetic composite variable using principal component analysis (PCA). PCA is a technique to reduce the multidimensionality of a data set. Both health and social variable are the first principal component, capturing a large part of the variance of the indicator variables used to construct them. In the health case, the indicator variables used are subjectivelyassessed health status (measured on a 5-point Likert scale ranging from "very poor" (1) to "excellent" (5)), the number of serious accidents, the number of visits to a general practitioner (GP), and the (log) number of hospital days. The composite variable explains ρ = 45.85% of scale. This scale ordinally ranks education from "none" (1) to "higher tertiary" (9). To treat this variable as cardinal in the subsequent analysis is certainly a strong assumption and care should be exercised in the interpretation of the results later on. Finally, a set of typical covariates is used in the analysis that captures a wide range of control variables, such as age (and its squared term), marital and employment status, number of children as well as regional and time dummies. Looking at the bivariate correlations in our main variables (Table 5 in the Appendix) shows that the signs of the correlation coefficients are in the theoretically expected directions and no problems of multicollinearity are apparent.
The results of the replication exercise can be summed up in one sentence: With one exception (income), accounting for individual-specific time-invariant "fixed" effects does not alter the results obtained in the cross-sectional quantile analysis in many important ways, but the attenuation in coefficient sizes that was to be expected is exhibited. The big diverging finding is that employing a fixed effects quantile regression framework, the (log) income variable consistently exhibits negative coefficients for the highest deciles of the life satisfaction distribution.
It is instructive to look at the results in more detail. Table 2 provides the FE estimates for life satisfaction (columns (1) and (3)) and mental well-being (GHQ-12 measure; columns (2) and (4)) for very similar regression models. The first two columns provide a regression model where a number of health and social variables have been aggregated via principal component analysis into a synthetic measure, whereas the remaining columns provide a similar analysis with these variables not being aggregated. The latter two columns also provide a stricter specification by omitting the subjectively-rated health variable and the satisfaction with social life on the right-hand side of the regression equation. Results in substantive
life domains are what would be expected from the literature (e.g., unemployment, separation and widowhood exhibiting strongly negative coefficients, negative impact for objective health variables, positive one for meeting friends regularly, small positive coefficient for income, cf.
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Figure 1: Quantile coefficients depicting coefficients based on the analysis in Table 3 , for health (upper left), social life (upper right), log(income) (lower left) and education (lower right). The diagrams show coefficients for life satisfaction as dependent variable. Horizontal lines give (average) regression coefficients. Error bars for regression and quantile coefficients correspond to the 95 percent confidence intervals (with quantile regression error bars depicting bootstrapped 95 percent confidence intervals, with 100 replications). Dolan et al., 2008; Helliwell et al., , 2013 . For this average analysis, no significant effect of education on subjective well-being can be demonstrated (once one holds constant all domains on which education impacts directly, such as health, income, job, etc.).
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Of main interest is Table 3 , which extends the analysis in Binder and Coad (2011) into the panel context using a similar set of variables (one exception is the use of the CASMIN educational scale as proxy for education). Focussing on the effect of our main variables health, social life, income and education on life satisfaction (first column), we find similar results as in the original study, with coefficient sizes attenuated through the employment of a fixed effects methodology (for a graphical depiction see Figure 1 ). Coefficients are positive for all four variables of interest for the lowest decile and decrease in size over the of the life satisfaction distribution. Where health strongly impacts on the life satisfaction of the unhappiest ten percent (.181 * * * ), the effect is much smaller for the happiest individuals (.0398 * * * ). This decline in coefficient sizes is heterogeneous for the four variables: the impact of our social (composite) variable decreases over the quantiles but remains strongly positive for the happiest individuals (.391 * * * to .241 * * * ). With income, a small coefficient turns even negative across the quantiles (.0649 * * * to −0.0241 * * * ). Perhaps the most puzzling association in the original study, viz. the positive association between education and life satisfaction on low levels of life satisfaction and its reversal for high life satisfaction is not replicated in this model (the coefficient for the 90% quantile is negative but not significant), but can be found in the stricter model discussed below. This lack of uniform robustness of the reversing relationship of the education variable and life satisfaction certainly warrants further analysis #1501 and education has proven to be a complicated variable for subjective well-being research so far.
(1) Table 4 : Quantile analysis following Canay (2011): Dependent variables are life satisfaction (columns 1, 3-5) and mental well-being as measured by GHQ-12 measure (column 2). Main variables are composite health (reversed coded, i.e. "bad health"), social life variables as well as income and education. The model uses a stricter model specification with respect to subjective variables on the right-hand side of the regression equation than the model specification of Binder and Coad (2011) . Individual fixed-effects with bootstrapped standard errors (100 replications). Time dummies and other control variables as in previous models but output omitted here.
As noted above, the original model specification used satisfaction with social life and subjectively assessed health as right-hand side variables that were part of the social and health variables respectively. From an econometric point of view, this might be considered unfortunate, putting very similar variables on both sides of the regression equation. For that reason, Table 3 provides a stricter specification, using only objective dummy variables for health (such numbers of accidents, visits to GP; health is here reverse coded, i.e. all objective health variables are coded such that higher values denoted higher levels of bad health) and social life (such as contact to neighbours/friends). This stricter model specification is very similar with the exception that both health and social life coefficients are much smaller #1501 without the inclusion of the subjective variables. In this stricter model, education also exhibits a negative impact on life satisfaction for the happiest individuals in the distribution (−.0133 * * * for the higher decile in the life satisfaction distribution).
This note extends the frontiers of our knowledge by also estimating the impact of the afore-mentioned four life domains on the quantiles of a number of life domain satisfactions (see Table 6 in the Appendix). While it is beyond the scope of the present note to discuss these results in full, some expected and some surprising results deserve mention (and further detailed research attention): for instance, bad health has negative but declining influence on health and job satisfaction (columns 2 and 6), whereas a fuller social life impacts positively on one's satisfaction with one's social life but also on one's satisfaction with the use of leisure time (both with decreasing magnitudes of effects over the quantiles). Education again stands in highly nuanced relationships with different domain satisfactions: while it positively (but decreasing) impacts on job satisfaction (column 6), there are a number of life domains, where higher satisfaction implies increasing negative impacts of education, such as income, housing, social and use of leisure time satisfaction. For all four, the negative coefficient of education increases with increasing satisfaction in those domains. If education raises one's aspirations beyond one's means (e.g., Clark et al., 2015) , thus leading to mismatch and disappointment, it would be interesting to find out why such disappointment is more pronounced for individuals that are particularly satisfied. The observed pattern is probably not a mechanical result (e.g., regression to mean) because the patterns observed for different life events are not uniform along the quantiles of the subjective well-being distribution (e.g., the negative effect of unemployment is less strong for happier individuals, Binder and Coad, 2014) .
Limitations and outlook
This short replication study has one main limitation: while it certainly is an improvement over purely cross-sectional analyses, one can dispute whether a fixed-effects regression framework can actually tell us convincingly the direction of causality. This is a limitation no observational study can fully overcome and no matter the sophistication of the regression framework, some doubts about reverse causality will remain. To alleviate this concern, it has to be acknowledged that we know from other research that the causality runs more strongly #1501 from the named life events to subjective well-being (e.g., Dolan et al., 2008; Easterlin, 2003) .
That being said, however, there is also evidence that subjective well-being has reverse impact in at least the health, social life and income domains (Graham et al., 2004; Binder and Coad, 2010 t statistics in parentheses * p < 0.05, * * p < 0.01, * * * p < 0.001 Table 6 : Quantile analysis following Canay (2011) : Dependent variables are life satisfaction (column 1) and a set of domain satisfactions. Main variables are composite health (reversed coded, i.e. "bad health"), social life variables as well as income and education. The model uses a stricter model specification with respect to subjective variables on the right-hand side of the regression equation than the model specification of Binder and Coad (2011) . Individual fixed-effects with bootstrapped standard errors (100 replications). Time dummies and other control variables as in previous models but output omitted here.
